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Abstract

This thesis examines the possibility of model generation from data sets. Automatic model
generation from data sets is a subtopic of Model Intelligence. Model Intelligence aims to
combine the benefits of Model Driven Engineering (MDE) with the benefits of machine
learning (ML) techniques. During a workshop about Model Intelligence a call for paper,
namely "Model inferencers and automatic model generators from datas ets" [MDE]. In this
work we propose a method to generate models with the help of machine learning from
data sets and make a case study on a real-life data set coming from a sensor system of the
(Plus-)Plus-Energy building of the Vienna University of Technology. Different definitions of
"model" are considered to answer the question whether or not it is possible to generate models
automatically from sensor data with the help of machine learning and data mining techniques.

A frequent pattern recognition based method is introduced, which aims to generate a frequent
pattern based model for sensors. To set boundaries for model generation, we discuss the basic
concepts and introduce key techniques of metamodeling. We choose a suitable technique
to define our metamodel, which then will serve as the basis of model generation. During
defining the model and exploring different modeling techniques we mainly discuss methods
and related concepts conforming to the Meta-Object Facility (MOF).

After defining the model, we apply segmentation on the sensor-derived data set, and label dif-
ferent segments according to the Symbolic Aggregate approXimation (SAX) We apply frequent
pattern mining on the segmented and labeled data sets. Based on the results of the pattern
mining, we carry out clustering to help us decide, whether the frequent patterns found in the
sensor data are suitable to differentiate between different types of sensors, thus can serve as
attributes in model definitions for the different types of sensors.

Our results show that depending on what definition of "model" is used, it is possible to generate
models either on the M1 or the M0 level of the M4 meta-modeling framework. Furthermore, a
proposed model with Double Deep Instantiation (DDI) is feasible to model type definitions
for the sensors. In conclusion, we show that generating type definitions for the sensors based
on their frequent patterns is successful in most cases. We have found numerous of instances
however with interesting caveats that call for further investigation.
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CHAPTER 1
Problem Statement

The Architecture, Engineering, Construction, Owner and Operator (AECOO) domains rely on
simulations and calculations for the correct planning, execution and monitoring of buildings.
There is a multitude of proprietary software that offer such tools to carry our such works..
For monitoring purposes however, these applications rely on the correctness of the input
data generated by the sensors, actuators and control elements (Sensor-Actuator Systems).
As buildings account for approximately 40% of the European Union’s and the United State´s
total energy consumption [Eur17] [LO18a], AECOO is a key area where reduction of energy
consumption could be realized. For such endeavor experts of the AECOO fields expect great
benefits from the digital transformation in their domain.

As more and more buildings are digitalized and automated to increase their energy efficiency,
an increasing amount of hardware is installed in the buildings. Sensors, actuators and other
control units which serve as the source as well as the target of the information to provide the
backbone of an automated monitoring, regulation and control (MRC) system. This information
gives the building operators an insight into the energy consumption of the building as well
as into the user behaviour. Considering the large number of installed sensors, the question
arises if these systems are properly calibrated and if the data generated by the elements in the
systems is correct.

From hands on experience with the (Plus-)Plus-Energy office building at TU Wien we can
state that problems with the installed elements of the sensor-actuator system do occur. The
(Plus-)Plus-Energy building is the world´s first (Plus-)Plus-Energy office building, meaning it
is planned to feed back more energy to the grid than it consumes [DLB17]. In the (Plus-)Plus-
Energy building there are more than 900 sensors installed, which are continuously measuring
different aspects of the building´s behaviour - from the heat sensors installed in the rooms,
through the energy consumption meters on the individual consumer units connected to the
gird in the building, to the lux meters put outside the building. These sensors are the basis of
the building´s control system which steers and controls the building´s automatic shutters,
HVAC system and others in order to increase energy efficiency. The data feeds of these sensors
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1. PROBLEM STATEMENT

are stored in an SQL database, and additional domain knowledge is needed from the operators
to know exactly which sensors measures what and where. This raises the question whether
there is an approach to model the sensor data in a way, that can help the operators differentiate
between the different sensors, even when the system has calibration and interconnection
errors.

One data mining technique which could possibly provide additional insight for operators in
sensor systems is frequent pattern mining [GBdM+11]. Hence in this thesis an approach will
be developed which helps to find frequent patterns in the sensors´ data feed of the (Plus-)Plus-
Energy building. Besides using frequent pattern mining for sensor type detection, the basics of
modeling the different types of the sensors will be discussed from a Model Driven Engineering
(MDE) point of view. Then a metamodel will be developed which can hold the information of
the different types of the sensors as well as the frequent patterns occurring in their data feed. .
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CHAPTER 2
Research Questions

This work intends to answer the following questions:

• RQ1: What features should a model for time series data contain, in order to hold the
information of the different type of sensors and the frequent pattern events within a
sensor system?

• RQ2: Can we generate models automatically from the sensor data with the help of
frequent patterns?

• RQ3: How effectively can we apply frequent pattern mining in order to differentiate
between the different sensor types?

2.1 Expected Results

Analyzing the sensor data in terms of frequent pattern events and modeling these events
potentially will result in a method with which we can differentiate between the different sensor
types and store them in a way that the associations between the identified pattern events and
the resulting models are re-usable for future applications (e.g.: predictions based on frequent
patterns). In addition, with the help of this method we aim to help operators of large scale
sensor systems to have an insight on the different types of sensors residing in the system more
conveniently.

2.2 Methodology

During the work we use Design Science (DS)[HRM+04] principles to develop a usable meta-
model and we also use Knowledge Discovery in Database (KDD) process to carry out the
development and testing our data mining method based on the frequent patterns [BA94]. The
exact steps we carry out to answer the research questions are as follows;

3



2. RESEARCH QUESTIONS

1. We will conduct literature review on the related topics. We will introduce the basics of
modeling as well as the basics of frequent pattern mining and clustering of time series
data.

2. We will create a metamodel to handle the sensor data as well as frequent patterns and
associations between them. For feasibility testing, we will make an example instantiation
by hand. Later on, when the pattern mining program returns patterns, we will show how
those can be instantiated from the created metamodel.

3. We will implement the frequent pattern mining method, including data cleaning, seg-
mentation, labeling of the segments and frequent pattern mining algorithm. Based
on the results, we will cluster the data feed of the sensors, and test the efficacy of the
clustering with the Normalized Mutual Information score (NMI) score [ALF03]. We apply
the method on the sensor data of the (Plus-)Plus-Energy office building. We do this using
the Fayyad’s 5-step KDD process for data analysis [BA94]. For the purpose of re-usability
we develop the method in Python in Jupyter Notebook [KRKP+16] environment. We will
conduct a benchmark comparison between our method to differentiate between sensor
types based on the data and an other methods.

4. We will examine the generated frequent patterns in the sensor feeds, and do a feasibility
check on the developed metamodel to determine whether it is sufficient to model the
information of the sensors and their frequent patterns.

To answer question RQ1, the topic of modeling will be discussed briefly and a model will be
proposed which possibly can hold the needed information extracted from the sensor data. A
feasibility test of the model will be carried out by demonstration of possible instances created
by hand at first.

Although evaluation of the model will be continuous during it´s development, as the design
science research framework requires [BHM20], in the thesis only the final model will be
presented and some possible future extension will be mentioned. After the creation of the
model, we will introduce the used data mining techniques and run the frequent pattern based
clustering on the data feed of will sensors of the high-rise building, and evaluate the results
with the aforementioned NMI index[ALF03], following the KDD process. Comparing the NMI
score of the proposed method for clustering with a benchmark algorithm will help us answer
RQ3.

The identified patterns in sensor potentially can give a solid basis for defining sensor type
definitions, automatically. This will help us to answer RQ2
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CHAPTER 3
Introduction

The idea of this thesis is derived from the (Plus-)Plus-Energy building of the Vienna University
of Technology. The (Plus-)Plus-Energy building, or also known as the (Plus-)Plus-Energy office
building of the TU Wien, is an eleven storey building built in the seventies. It went through
a refurbishment program which aimed to create the worlds first energy (plus-)plus building.
In this context, energy (plus-)plus means, that a building not just self-sufficient, but it have
an energy surplus, which can be fed back to the central electrical grid [DLB17]. To achieve
this, the planners put photo-voltaic units on the building, installed automatically regulated
HVAC system to control the heating and the automatic shutters on the windows to reduce the
incoming heat energy during warmer periods of the year. These systems are connected and
controlled together to achieve the most energy-efficient operation. With the control system,
the building is capable of regulating itself to the most energy efficient state. Users also can
overrule the control system by hand if needed (e.g.: the system would close the shutter, but
the person in the room can open it with a switch). To be able to operate the system contains
hundreds of sensor which feeds the system with continuous data which then sent to the
control unit which sends the adequate command to the actuators. Although the concept on
paper seems to be simple enough, though the installation of several sensors might be the basis
of system failure [LO18b].

A study made by Norford et al. (1994), noted that an excess energy use within the building of
up to 12 % could be attributed to HVAC equipment not operating as specified [SLSR22]. In
addition, there were system failures occurring in the HVAC system, (e.g.: a VAV box damper
being stuck open on each floor can lead to an excess cooling energy use of 36 % [BPW+11]). In
a study ordered by the U.S. Department of Energy, twelve key faults in commercial buildings
were identified. One of them being the improper installation of control hardware and the other
bugs in the software controlling the system [LO18b]. Other key issue related the sensors in
these HVAC systems are the faults developing over time or sudden failures of sensors [BPW+11].
The faults developing over time can lead to a sensor data offset, which affects the HVAC system
critically [BPW+11]. In a literature review extended with expert interviews, some of the experts
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3. INTRODUCTION

of the field of sensor systems in commercial buildings noted that to ensure reliability in these
sensor systems, operators must label the sensors correctly and calibrate them regularly to
avoid degradation in time [BBC+21]. The installation errors, depending on the severity can be
hidden for the operator for a while which can lead to inefficient operation. One problem can
be the miss-labeling of sensors, which means that the sensor is installed to a location, but in
the system it appears in a different one or the sensor has the wrong type assigned.

Let´s consider a heat sensor installed outside of the building, and one inside the room. If an
outside temperature meter is miss-labelled to be a temperature meter of a room, then the air
cooling unit of that room can get a command from the control unit to change the temperature
of that room. But without the correct feedback from the heat sensor, the air cooling unit would
have no effect on the sensor outside the building, hence the miss-labeling would hinder the
whole cooling operation, leading to energy-inefficiencies. Nowadays commercial buildings
with automatic HVAC systems usually have almost thousand sensors installed which make
data transfer and management challenging [BBC+21].

[DLB17].

3.1 The Monitoring System

With the help of monitoring the installed system can be precisely checked, documented, traced
and improved by adjustment if necessary. User behaviour, the exact energy, as well as air
flow are recorded within the scope of monitoring. The monitoring phase promises to provide
information about further optimization opportunities and possible incentives to increase
energy efficiency. The monitoring phase ran for 3 years and the data evaluated by the Vienna
University of Technology (The Research Division of Building Physics and Sound Protection at
the Institute of Building Construction and Technology)[DLB17].

In principle, all essential energy flows for heating, cooling and electricity as well as weather
data and room air quality are recorded at least every 15 minutes. In addition to a main meter,
monitoring of heating includes all sub-meters on the heating system. Furthermore, individual
representative outlets (e.g. underfloor heating, use of waste heat from the server room) are
measured separately. By recording the total heat consumption and the individual heating
outlets, the heat consumption can be allocated precisely. This provides information about
consumption behavior of the heating system[DLB17].

The power consumption is measured separately for all floors. Furthermore, the power con-
sumption for the lighting on floors 4 and 9, various socket circuits, IT infrastructure (e.g.:
servers), kitchen, blinds, access control, instantaneous water heater and IT infrastructure
room are also monitored. All relevant electricity usage data is recorded by the monitoring
system. This includes the ventilation system, pump power, automatic measuring and control
system (AMCS), chiller, cooling, dry coolers, servers, elevators, etc. Moreover, the yield of the
photovoltaic system is measured and evaluated [HS14] [DLB17].
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3.2. Sensors

3.2 Sensors

As it is mentioned, the control system measures the consumption of consumers on the build-
ing´s electrical grid, from the computers to the escape route lighting to the coffee machine.
The system of the (Plus-)Plus-Energy building and sensors supporting its monitoring can
be categorized in the following groups: i); Sensors measuring the energy intake, ii); sensors
measuring data room by room (room control) and iii); sensors measuring global data (system
sensors, such as weather data). This three groups are further categorized by their role in the
system which is as follows:

• i) Energy Meters

1. Energy Meter - Floors

2. Energy Meter - Ventilation

3. Energy Meter - Cooling and Heating

4. Energy Meter - Elevators

5. Energy Meter - Teaching and Research

6. Energy Meter - Uninterupted power supply

7. Energy Meter - Other building services

8. Energy Meter - Photovoltaic (solar panels)

9. Heat Meter - Heating and Cooling

10. Heat Meter - Cooling

• ii) Room Control

1. Individual room control - control valves

2. Individual room control - room temperatures (actual)

3. Individual room control - room temperatures (target, heating mode)

4. Individual room control - room temperatures (target, cooling mode)

5. Individual room control - room humidity

6. Individual room control - supply air temperatures

7. Individual room control - air quality

• iii) System

1. Night ventilation - room temperatures

2. Night ventilation - night ventilation window

3. Night ventilation - control

4. Weather forecast

7



3. INTRODUCTION

5. Weather station

6. Change over heating/cooling mode

7. Individual room control - default temperatures

8. Ventilation system 3rd floor - 6th floor

9. Ventilation system 7th floor - 10th floor

Each sensor records a measurement value which represents information about the building
itself. In figure 3.1 we can see the clear distinction between the data feed of two types of
sensors: the sensors which seems to be rather volatile are sensors measuring the utilization of
fans in the HVAC system, whereas the sensors with relative low volatility are measuring the
room temperature of different rooms.

Figure 3.1: Chart of six different sensor data feeds with clear difference

The seemingly different behaviour of different sensors is relevant for RQ2, and aimed to
be answered by the end of the work. Though on this excerpt of the sensor data we can
immediately tell the difference, although in some cases the difference can be ambiguous.
We will determine the cases where the proposed method succeeds and where it fails. For
example, can it differentiate between heat meters located inside and outside the building?
Can it recognize the difference between the sensor measuring utilization of a supply or an
exhaust fan in the ventilation system? Each of the above questions are sub-questions of RQ3
and listed below for clarity:

8



3.2. Sensors

• RQ3.1: Can the proposed machine learning based method differentiate between heat
meters located inside and outside the building?

• RQ3.2: Can the proposed method recognize the difference between the sensor measur-
ing utilization of a supply or an exhaust fan in the ventilation system?

• RQ3.3: Which parameters can affect the efficacy of the proposed method?

• RQ3.4: Does the number of different type of sensors in the test data have any effect on
the efficacy?

9





CHAPTER 4
Proposed Methods to Generate Models

for Time-series Data

The main purpose of sensor data analysis for equipment monitoring is to detect anomalies
and predict future events. In sensor-actuator systems the sensors provide a a time-dependent
data about some property of the system. The software of the actuator reacts based on these
values. To generate models of the different types for sensors based on time-series data,
the following method is proposed. The method is derived from Sensor Data Analysis for
Monitoring Equipment (also known as: SDAME). The principles of the SDAME methodology
were first published in 2010. In their paper, Garcia et al. introduced the SDAME method
to an oil rig to monitor, analyse, detect and predict anomalies during the operation of the
equipment [GBdM+11]. In this work the formerly proposed SDAME method is adjusted to
fit our application. Garcia et al.[GBdM+11] used frequent patterns to identify anomalies in a
sensor system. In our application the frequent patterns will be used to differentiate between
different types of sensors in order to cluster them. In this chapter the steps of the derived
method are introduced:

1. Time Series Segmentation: The time series data is segmented.

2. Labeling Segment: We add descriptive ordinal categories to each segment with the help
of Symbolic Aggregate approXimation (SAX) method.

3. Pattern Search: We apply pattern search algorithm to find frequent patterns. These
frequent patterns are then used to help us describe the different types.

4. Clustering based on Patterns: Based on the frequent patterns we apply the KMeans
clustering algorithm.

The aforementioned steps will be discussed in detail in chapter 6 and chapter 7.
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CHAPTER 5
Modeling Sensor Data

In this chapter the basics concepts of model engineering are introduced to define the model
for sensor data with frequent patterns.

5.1 Basic Definitions

At first, we present a brief introduction to the field of Model Driven Engineering (MDE). MDE
or Model Driven Development (MDD) is a technique to increase efficiency in information
technology. MDE encompasses data modelling, transformation between the different data
models and defining new metamodels to help future modelers to model real life objects. These
basic definitions of the field metamodeling are introduced in this section. The main benefits
of using MDE is that it improves productivity, interoperability, quality and flexibility during
software development [EHH15] [Sch06]. MDE helps information technology experts to design
and develop complex systems with a variety of supportive tools supporting them. Model driven
engineering focuses on the creation of abstract domain models, which helps representing
knowledge in various domains in platform independent ways.

One the goal of this thesis is to create a model for sensor data derived from the extended
Sensor Data Analysis, introduced in in chapter7 in a way that we can store the information
provided by the proposed machine learning method. To have a common vocabulary regarding
definitions used in this chapter we present a list of the definitions and discuss various concepts
used in the field of MDE/MDD.

13



5. MODELING SENSOR DATA

• Model: A model can be defined in many ways. Generally a model can be interpreted as
an abstraction of reality [Pod18]. To add more detail, Herbert Stachowiak defined three
crucial characteristics of a model; i) the mapping feature - meaning that the model is
based on an original[Kü04b], ii) the reduction feature - meaning that the model only
reflects relevant set of properties form the original [Kü04b], and iii) the pragmatic feature
- meaning that, that the model needs to be usable in place of the original with respect
to some purpose [Kü04b]. Derived from the features above, the following definition
was proposed by Kühne et al [Kü04a]: "A model is an abstraction of a (real or language
based) system allowing predictions or inferences to be made [Kü04a]." In other words, the
model can be interpreted as a set of concepts and constraints which can describe a set
of real life objects which are, from the perspective of the modeller, similar enough to
be put in a group which is sufficiently homogeneous to carry enough information to
help understand the nature and behaviour of that group. This interpretation depends
on the context. Take for example the sensor system of the High-Rise Building at Vienna
University of Technology. Each sensor sends a numerical value consecutively to the
monitoring system and each sensor has an assigned type (e.g.: heat meter). In the case
of the monitoring system of the High-Rise Building, the monitoring system only records
these two features of a sensor, the measured numerical value and the type.

• Instantiation: Instantiation is the process to create a representation of a model on
a lower meta level. Regarding the chosen rules during instantiation the derived new
representation has to conform to it´s model. In metamodeling we differentiate between
linguistic and ontological instantiation. The former is concerned with the language
definition of the modelling elements whereas the latter is used to classify the elements
in the domain of interest [GEPP08]. For example, in the case of ontological instantiation,
"heat sensor 01" would be the instance of the Heat Sensor Type, but in the linguistic ap-
proach, the "heat sensor 01" could be considered as an object of the used programming
language. The relation between model and instance is referred as "instanceOf".

• Instance: An instance is a real time representation of an object [CV11a]. In our case, the
representation of a specific sensor in a BIM software. The process of creating a new
instance, is called instantiation.

• Metamodel: From the linguistic perspective the metamodel can be defined as follows; "A
meta model describes the abstract syntax of a modeling language and it is defined in a
meta modeling language" [CV11a].In other words the metamodel is the model of the
model. The model conforms to it´s metamodel like a computer program conforms to
the grammar of the programming language in which it is written. This interpretation of
metamodel is the linguistic instantiation. In the aforementioned use case: we can define
a metamodel in the context of the sensors in which we aim to capture the sufficient
information about the sensor.

• Meta-Metamodel: "The metamodel of the metamodeling language is called as meta-
metamodel." [CV11a]

14



5.1. Basic Definitions

• Object: An object is the original real-life item which we represent by a model element
e.g.: the sensor itself installed in the building).

• Domain Model: "A domain model is a conceptual model of the domain that incorpo-
rates both behavior and data"[Fow17]. In this work the domain model will be the the
metamodel for the sensor system.

• Meta Layers: In metamodeling, the notion of layer derives from the OMG four-layer
metamodel (M4 framework) [NPK04] architecture frameworks interpretation of a layer,
which is introduced later in section 5.1.1. The M4 framework considers four layers,
where each of the layers represents a level of abstraction (each layer is a model). The
higher we get in the layers, the more abstract models we get. Hence when we speak
about being on the same level, we mean the same level of abstraction.

• Strict Metamodeling: Strict metamodeling states that instanceOf relationship can only
occur between meta layers, and each instanceOf relation can only cross one meta layer
at a time [Kü04b].

• Meta-Object Facility (MOF) In the world of metamodeling there are several frame-
works to help us define a metamodel. Although MOF is not an established standard
for metamodeling, it provides a powerful set of rules for the modeler to define well
formed models [CCB12]. Meta-Object Facility or M4-model framework was introduced
by the Object Management Group (OMG) to provide modellers a tool and a common
understanding of modelling [OMG05]. "The Meta Object Facility provides an open and
platform-independent metadata management framework and associated set of meta-
data services to enable the development and interoperability of model- and metadata-
driven systems[OMG05]." It is considered as a general-purpose metamodeling (GMM)
facility[ZLA+18]. Meta-Object Facility propagates a strict meta-modeling architecture;
every model element on every layer is strictly in correspondence with a model element
of the layer above. The MOF defines four levels, hence it is also referred as M4 Meta
modeling framework (M4 framework). In the M4 Meta modeling framework the in-
stance, model, meta model and meta-metamodel are ordered hierarchically according
to Figure 5.1. Each level of the hierarchy has to conform to the parent level. For example
Sensor001 on the M0 level is representing a real world object, which has to have the
attribute structure as it is defined in the sensor class on the M1 level. This rigorous
conformance helps us software engineers to know what to expect from a type of object,
hence it helps us to handle complex systems more comfortably. From the definitions
of the M4 framework, we talk about a model as an element definitions residing on the
M1 level. We take the concept of the M4 framework in this work and use it´s definitions
and rule sets to answer RQ1. In RQ1 we ask whether it is possible to generate model out
form the raw sensor data, which can store the data of the sensor system in a way that
the frequent patterns are also considered. To answer this question we discuss different
approaches and concepts of modeling. The first question to be answered is the exact
definition of "model" in the M4 framework. Although the general definition of model
was discussed earlier, there are some more clarifications yet to be made. The general
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Figure 5.1: M4 level Metamodeling Framework. based on: [CV11b]

definition tells us that a model is an abstraction, hence in context the M4 framework
the M0 (instance) and M1 (model) level and all others can be considered as models. But
from now on, the term model will be only used to refer the M1 level of the M4 framework
for the sake of clarity and we will refer to the M0 level as the instance.

Besides finding the correct level where model generation can possibly happen, we
also have to deal with other questions, for example how the different type of sensors are
considered. Lets take for example the sensors of the High-rise building. Each sensor has
a location and some measurement data. The meaning of the values measured varies
depending on the type of the sensor (e.g.: a heat sensor measures the heat and the CO2
sensor measures the CO2 concentration level in the room). In this work we intend to
generate type definitions for the sensors based on the occurring frequent patterns. The
model which we build should be able to provide a clear definitions for the sensors, their
types and the values they are generating.

In order to define our model, and discuss the different ways a model can handle type
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definitions for the sensors based on frequent patterns, we discuss the type of instantia-
tions.

• Ecore Ecore is part of the Eclipse Modeling Framework (EMF). EMF is a set of Eclipse
plug-ins which can be used to model a data model and to generated code or other
output. EMF makes a distinction between the meta-model and the actual model. The
meta-model describes the structure of the model. A model is a concrete instance of this
meta-model. Ecore is the language used to define the models. Ecore´s meta-model
provides the following elements to help the modeller defined their model:

– EClass: "represents a class, with zero or more attributes and zero or more references"
[Vog].

– EAttribute: "represents an attribute which has a name and a type" [Vog].

– EReference: "represents one end of an association between two classes. It has flags
to indicate if it represents a containment and a reference class to which it points"
[Vog].

– EDataType: "represents the type of an attribute, e.g., int, float or java.util.Date"[Vog].

Similar to the specification of the Ecore modeling language, we now on will use the
concept of EClass, EAttribute, EReference, EDataType such as Class, Attribute, Reference
and DataType (e.g.: integer, double, string).

5.1.1 Classification and Generalization

In this section we intend to give a clear definition what we mean under type from the modeling
perspective. From the Cambridge Dictionary; "A type means a particular group of people or
things that share similar characteristics and form a smaller division of a larger set [htt19a]."
It seems that the definition in the context of a natural language is detailed enough for the
everyday usage. However, from the model engineering perspective, it is ambiguous whether
the word type in everyday language means classification or generalization.

Classification in model engineering is the process of mapping many elements to one con-
cept [Kü04a]. This mapping is represented with an "instanceOf" relation. A model is an
"instanceOf" type of an other model if the model conforms to the latter. The model to which
the other model conforms to, is the classification of the latter. According to the OMG docu-
mentation of UML, the "instanceOf" relationship is always between adjacent meta layers, and
it cannot exist within any single layer [AK00] [OMG05]. These layers are introduced later in
section where the concept of Meta Object Facility is introduced. To put this interpretation of
type into the perspective of the sensors, we can say that a specific sensor in a BIM software
is of type sensor. This relation is called "instanceOf" relation in this context, because of the
instantiation between the layers.

In contrast to classification, Generalization strictly happens within the same meta layer
according to the OMG specification. [AK00][OMG05]. "Generalization is a technique for
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organizing information about objects according to the similarities and distinctions within the
set of objects. Generalization is unlike any other kind of association. Associations describe
how objects are related to one another. Generalization ties together pieces of class definitions to
create one complete class (or type) definition[?]." The MOF specification also uses that term “to
generalize” to describe the inheritance relationship, hence we also use this terminology in this
work. Lets take for example the sensors. It could happen that we intend to model the different
types of sensors with the help of generalization. In this case we can do so in the same meta
layer.

As we outlined above, the term type. as we use it in everyday communication can refer to two
different concepts in model engineering. Both classification and generalization can mean
"type" relation, but for transparency, we will use "instanceOf" for classification and type for
generalization.

5.1.2 Different Types of Models

In the field of model engineering different kind of models are in use. There are several ways
which are used to define different kind of models, and here we consider the most common
ones in the field of model engineering, which are the token- and the type models.

Token Models

Figure 5.2 shows an example token model of a sensor system. In this context the created token
model on the right hand side is a simplified representation of the sensor system on the left
hand side. This token model can also be further simplified, but loss of information should be
considered carefully. Although token models provide some sort of information filtering, thus
helpful to some extent (e.g.: maps), their greatest disadvantage is the lack of generalization
and classification. The token model in the figure 5.2 contains two different types of sensor
(heat and energy meter), in the token model these are completely different objects and we are
only aware of the type difference because of the naming and not because our model provides
some intrinsic information.
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Figure 5.2: Example of a token model source: based on: [Kü04a] [AM09]

Type Models

To overcome the disadvantages of token models, type models are used. Type models combine
the advantages of classification as well as generalization and utilize object properties [AM09].
Schema model or classification model are also appropriate name for this type of model.

With the help of classification we can define general type models for the sensors to translate
the benefits of this kind of model for the application to the sensor system. This helps us to
create re-usable models. An example of a classification model made for the sensor system can
be seen in figure 5.3, where a type model was created for the sensor, and for the system as well.
The model of the specific system has an "instanceOf" relation to this type model. This type
model lets us to define several instances of the sensor, where each of the element, depending
on their class contain the same properties. This can help the modeler and software engineers
to define for example calculations based on the type of the sensors.

In the next section, we introduce the Meta-Object Facility (MOF), to provide a common
framework for which with we can give a basis to our modeling discussion.
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Figure 5.3: Abstraction of a type model in the context of sensor system Figure adaption based
on: [Kü04a] [AM09]

5.1.3 Ontological and Linguistic Instantiation

In the metamodeling context instantiation means to generate an object or instance which
conforms to some model. For non computer scientists the notion of instantiation can be
abstract at first. Instantiation is a concept of metaphysics of science and used by computer
science. Instantiation is the process to bring a concept into the real life [OPP22]. For example
we have the concept of a sensor, but this concept is not a physichal thing but an idea or a mental
image, so whenever we create a new sensor, we can say that it was instantiated. In model
engineering instantiation means the creation of runtime objects in software environments
based on some pre-defined model (concept) if we consider the M1 level only. The model
tells us what attributes we expect, meanwhile the runtime object has the exact values for
those attributes. In the field of model engineering, two main approaches of instantiation
exists; the ontological and linguistic instantiation [AM09]. Figure 5.4 displays the different
ways of instantiations. The question remains, if we should use the linguistic or ontological
instantiation.

• Linguistic Instantiation: Linguistic instantiation is a relation between model and lan-
guage elements where the former play the role of instance and the latter that of class
or type[AM09]. In our example figure 5.4 we can see tat the exact "Heat Sensor 1.1" is a
linguisitic instance of an object. Most of the software environments propagate linguistic
instantiation such as UML and other Object Oriented Programming (OOP) frameworks.

• Ontological Instantiation: An ontological relationship relates two models (or model

20



5.1. Basic Definitions

elements) that are in the same domain of discourse, e.g., biology or retail sales, but
on different levels[AM09]. In the context of sensor system, we could say that the heat
sensor in a room one is an ontological instance of a heat sensor type. We humans, tend
to adhere to this type of instantiation in communication. We consider the different type
of sensors more important than whether the sensor is an object or a class.

From the definitions above, the question remains whether we should use the linguistic or
ontological approach to model the sensor data? As we can see in figure 5.4 the instance
named "Heat Sensor 1.1" can both be regarded as an instance of an object and a "Heat Sensor"
regarding the instantiation we use. As we want to make the model as descriptive as it can
be. Ontological instantiation would be beneficial to use because people tend comprehend
this way of modeling types more easily. However, software environments usually uses the
linguistic approach. The other problem is that, we want to define our model on the M1 level
of the framework according to the M4 framework´s rules, but the current placement of the
"Sensor Type" in figure 5.4 would mean that we have to define the sensor types on the M1
level, and the class of these should be on the M2 level, which would violate the rules of the M4
framework as the domain models n the M4 framework should reside on the M1 level. To find a
remedy to this problem, in the next section different approaches are introduced to introduce
type definitions on the M1 level of the model [AM09][EHS3] [Kü04a].
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Figure 5.4: The difference between ontological and linguistic instantiation, where O0, O1 and
O2 represents the different ontological meta-layers, and L0 and L1 represents the linguistic
meta-layers. Figure is adapted adapted from: [Kü04a] [AM09]

5.1.4 Modeling Types of Sensors

As it is mentioned, the missing key feature from the introduced definitions type of models,
is the approach which helps incorporate different types of sensors into our metamodel. In
the following, the different approaches are discussed briefly, namely; types as classes, the
powertype approach, language use approach (or types as objects) and clabjects with deep
instantiation (DI) as well as double deep instantiation (DDI).

Types as Classes

This method utilizes the benefits of both generalization and classification. Each type of sensor
is represented on the O1 ontological level as a generalization, happening strictly in the same
meta-layer. Each object with an exact type has its corresponding class on the O1 ontological
level. This instanceOf relation between the instance and the corresponding class is the used
classification in this kind of model. In figure 5.5 we can see that the "Heat Sensor", "Energy
Meter" and the "Lux Sensor" all have their corresponding models defined and have the same
class, the "Sensor". This is quite a straightforward technique to define types but it can lead
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Figure 5.5: Example of how types can represent classes based on: [Kü04a]

to an a cluttered model if we consider numerous different types. Just imagine that each heat
sensor might have a different producer with some different properties. For that we would have
to create a model for each additional subtype and this can produce a crowded model level.

Powertype Appraoch

Powertypes were introduced by Odell [Ode94] and were later applied by UML to help represent
classes (or object definitions), their subtypes and instances of these subtypes. A powertype
is defined as a subtype of an other model on a different meta level. In figure 5.6 the "Sen-
sorType" is this partitioning element. Heat sensor is classified by the Sensor as well as by this
"SensorType". The Heat Sensor in this case can also be referred to a class objects because
they are classes and instances at the same time [EHS3]. Besides powertypes, UML also applies
profiles and tagged values to represent different classes of the same type [web]. The caveat of
this method is that that the type definition layer can not specify properties which are shared
among the instances of that type. This issue is solved in the later introduced clabject approach
which also applies deep instantiation.

Language use Approach

The next approach is called the language use approach or better known as types as objects.
With the help of analysing the language and how people describe real world object with
sentences and relations between a sentences, the language use approach was introduced.
Without going into the depth of language analysis, we show the applicable results of the
research community in the context of meta modeling [EHS3]. With the help of language
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Figure 5.6: Typical model used to explain ontological metamodelling (left hand side) and an
alternative using powertypes (right hand side) based on: [Kü04a]

analysis, the multi-level architecture (or framework) is introduced for modeling. The multi-
level framework incorporates the moment and substantial class differentiation derived from
foundational ontology and injects them into the O1 level of ontological modeling. In the
M4 modeling framework this O1 level corresponds to the M1 level. The relation between
substantial and moment classes can be seen in figure 5.7. Substantial classes are the real world
objects and moment classes are the conceptual ones. Moment classes partition the elements
of substantial class.

This step helps us software engineers to model types and characterize models more easily.
The multi-level framework can be incorporated to the M4 level framework and we can define
moment and substantial classes on the M1 level with it. An example can be seen in figure 5.8.
In the context of sensor, this would mean that the model we intend to create has to contain
Sensor as a substantial class and SensorType as moment class, and each type of sensor would
be an instance of the Sensor class and have a referencing association with the corresponding
SensorType instance, for example the heat sensor.

This method is also referred as "types as objects", because of how the type is instantiated. This
method allows the modeller to define properties for the types, but can result in a cluttered
metamodel, which can be difficult to comprehend.
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Figure 5.7: Relation between moment classes and substantial classes. Figure is based on:
[Kü04a]

Deep Instantiation (DI) and Characterization with Class Objects (Clabjects)

In order to reduce the complexity of domain models where types are involved, the concept of
dual objects "class and object" also known as clabjects was created. The clabject approach
introduces a model in the domain metamodel, on the M2 level in the four layer framework,
which serves as the classifier of the clabjects. In figure 5.9, this model is named "Element
Type". One of the "Element Type"´s instance is the "SensorType" which serves as the type
model for the the Heat- and the Lux Sensors. The "Sensor Type" is also a clabject. In figure 5.9,
the "Seat Sensor" and "Lux Sensor" are clabjects. Clabjects serve as classes and objects at the
same time, allowing the modeller to define attributes for the calbject as well as the model of
the clabject. With the defined attributes, the modeler can characterize the given type on the
model level. In our example in figure 5.9 the Sensor Type has two attributes defined, tagged
with different numerical values (1 and 2). These numerical values are the potency levels of the
attribute. Using potencies helps the modeller to define the level of instantiation of the given
attribute, field or model. This technique is called deep instantiation which helps the modeller
to characterize the instances of a clabject over multiple ontological levels[AK08]. DI essentially
combines two ideas; the unification of (meta-) attributes and slots into a single, more general
concept, which we refer to as “field”; the other is the idea of assigning an additional property
to clabjects and fields known as “potency”. Potency tells us the level where the given field
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Figure 5.8: A typical model used to explain ontological metamodelling (left hand side) and an
alternative using langauge-use approach (right hand side) Figure adapted from: [Kü04a]

Figure 5.9: Example of the Clabject approach to model types: [Kü04a]
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Figure 5.10: Example DDI with the sensor - room relationship called "Placement". Figure
adapted form: [NJSS14]

can be instantiated. For example, a field of potency-two can produce an instantiation depth
of two, which means that the field operational, can have it´s value set on the instance level,
meanwhile the field producer with potency-one has it´s value set on the model level and
shared among all of its instances. Fields with potency-zero are regular fields, and can not be
further instantiated [AK08].

Dual Deep Instantiation (DDI)

Dual Deep Instantiation is the extension of DI. DDI was introduced by Bernd Neumayr et al
to overcome the problem of characterization of relationships in metamodels[NJSS14]. "Dual
Deep Instantiation (DDI) lifts the restrictions of strict metamodeling. DDI, unlike traditional DI,
distinguishes between source potency and target potency. DDI relationships may connect objects
at different instantiation levels[NJSS14]." This means that every relationship has a source and
target potency, which allows the modeller to define the depth of characterization of the given
relationship. We will later show that the use of such a techniques is beneficial to model the
sensor data and its relationships with the different events occurring. In figure 5.10 we can see
how the DDI handles potencies with the "Placement" relationship between a "SensorTyp" and
"RoomType". Potency-two means that both of the target and source of the relation should be
instantiated on the instance level.
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Recap of modeling techniques

As we went through the basic techniques to model types and help us define type definitions
for the sensors, the main question remains, whether any of these method is suitable for our
problem. To answer this question, in the following we introduce the information we want to
model. To recap, the list of the four discussed techniques are as follows;

• Types as classes uses inheritance to to create the different types of an object. This can
lead to huge model trees.

• Powertype Approach Powertypes are used in UML, and puts the model for the type on
the domain model´s level. The only set back is, that characterization of the lower levels
is not possible.

• Language Use Approach differentiate between moment and substantial classes and
creates types on the instance level, and the relation between the actual instance (sub-
stantial class) and the descriptor type instance (moment class) is an association. This
gives the opportunity to the modeller to characterize the type, but leads to a cluttered
model.

• Clabjects with Deep Instantiation uses the clabjects on the metamodel level, and also
supports deep instantiation, hence deep characterization, which allows the modeller to
define attributes on different potency levels, which enables the modelled to characterize
the lower ontologicla levels.

• Clabjects with DDI extends DI with the possibility to define potencies for the relation-
ships in the model.

In conclusion, the most potent technique for our use-case is the Clabjects with DDI approach,
that enables us to characterize different types without producing a cluttered model. In the
following section we propose a metamodel following the rules of the introduced double deep
instantation (DDI) for storing the sensor data and the identified frequent patterns.
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5.2 Automatic Model Generation of Sensor Models

In chapter 4 we briefly outlined the most promising to process the sensor data and in section
we illustrated various ways to model different type definitions that can characterize our sensors
for each type.

In this section, we introduce the concept of automatic model generation from the sensor data.
The usual workflow of creating a domain model is to choose a well-suited metamodel, then to
define the domain specific model of the system on the M1 level based on the meta model of
the framework which was selected by the developer. But the recent rapid development of the
field of machine learning and other related techniques motivated MDE experts to investigate
possible benefits of the fusion MDE and machine learning. This newly born field is called
Model Intelligence and it aims to combine the benefits of both.

A workshop framework was created to propagate this unification. Several key areas of possible
combination of the two fields were defined, from which "Model inferencers and automatic
model generators from datasets" falls within the field of MDE [MDE]. Model to Model trans-
formation in the field of Model Driven Engineering can be considered as model generation,
since there is a given source model, and based on some rules, a model is generated. Although
it is generation, could not be considered as an entirely automatic one, as the rules, driving the
transformation have to be defined by the developer. Adding the automatic requirement, we
now have to define what makes a model generation an automatic one. Due to the different
interpretation of model, we consider generating models on the M1 as well as the M2 level in
the M4 metamodeling framework. Thus in this work we consider automatic model generation
as the process of creating models on either on the M2 or M1 level with some rule set, defined
by machine learning algorithms.

As we chose clabjects with DDI to define different sensor types in our model, we consider
automatic model generation as the process of generating these different types in our meta-
model with information extracted from the sensor data using machine learning techniques.
These type definitions for each sensor type are residing on the O1 ontological level, which
corresponds to the M1 level of the M4 framework.

To provide a better overview of the requirements of the metamodel we need, the data we
process is discussed briefly.

Time Series Data

The data feed from the sensors is a time-dependent dataset, also known as time series data.
Time series data is a collection of observations obtained through repeated measurements over
time. Time series data is used in many cases; from measuring the performance of financial
instruments, to monitor sensors operating in sensor-actuator systems. The first question to be
answered in model generation on the M1 level is what metamodel is required. To represent a
time series dataset accurately, one has to e to find a way to model the time aspect of the data
flow, as well as connections to the source of the information (in our case to the sensors in the
sensor system). From a modeling perspective we consider time series data as consecutive data
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values, with time attributes which tell us the exact place in time where the value was measured.
These time attributes either can be time stamps or indices. In the following we use index as a
measurement of time in our metamodel.

5.2.1 Extractable Information from Time Series Data

As discussed above, the use of clabjects with DDI enables us to define different sensor types as
objects. To provide an insight on the key requirements our model should satisfy, the various
types of data extractable from the sensors are listed below;

• Sensors and type of Sensors Our ideal model has to be able to represent the data sources
in the sensor system. This model should have connections to the time series data as
well. We also aim to define sensor types as clabjects.

• Events and types of Events As it is described in the next chapter, the output of the sensor
data analysis are the frequent patterns found in the dataset. Patterns are consecutive
segments (or intervals) in the time series dataset with specified starting and ending time.
Frequent patterns also called as events, occur multiple times over the measurement
period. We want to be able to define the different frequent patter/event types occurring
in the given sensor types, hence we need a relation between the sensor type and the
event type. In addition to this, the model should also be able to store the exact event
occurring in a sensor. This dual relation with the help of the aforementioned DDI and
discussed below.

• Segments The first step towards pattern mining is the segmentation of time series data
which is also referred as segmentation. A segment is defined as the consecutive data
values extracted from the time series during segmentation. The model should be able to
store the relation between data and its assigned segment. In addition to this, in order to
define the different event types, type definitions have to be assigned for the segments
which are the building blocks of the event types.

The above list above can be extended with myriads of attributes and relation which can
be beneficial for the field of BIM. For example placement relation of the sensor at some
geolocation, or within some room in a building which already has a geolocation and so
on. For brevity, we will not deal in depth modeling these additional attributes, as several
frameworks already exists (e.g.: SIMULTAN) that models these kind of attributes and relations.
SIMULTAN´s meta model developed by Paskaleva et al [BBF+20], provides a meta model for
the Building Information Modeling (BIM) domain to model building and construction related
data. Figure 5.11 shows the conceptual model of SIMULTAN. The core concept of SIMULTAN
is a Component that has connections representing geometry and parameters. This allows the
modeller to add arbitrary number of properties to to a component. Due to its flexible nature
SIMULTAN metamodel can be considered either a model on the M2 or a model on the M1
level, depending the use case.
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In our case the way the parameters are modelled in SIMULTAN can serve as an example for
later extension of our metamodel as it is an already operational BIM framework. Alongside
simple parameters, the components in SIMULTAN can also have calculation as a connected
element. In our case the time-dependent properties could be modeled in a similar fashion.
Although the way SIMULTAN solves modeling parameters for components, there is one missing
aspect which would be needed to model the sensors; the classification and generalization. In
SIMULTAN, each type of sensor is modelled as an independent component, but inheritance is
not supported yet. In addition to the lack of inheritance, SIMULTAN does not support deep
nor DDI.

Figure 5.11: Figure showing an excerpt of the SIMULTAN metamodel, highlighting the Compo-
nent´s relation to Parameter. Source: [BBF+20]

5.3 The Metamodel

The proposed metamodel with an example installation is shown in figure 5.12. The metamodel
is built with the use of DDI. We took only the sensors, their types, events and event types as
well as their relations into consideration during the development the metamodel. In the figure,
we differentiate between three layers; the model metatypes corresponds to the M2 level of
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the M4 level framework, the model types correspond to the M1 level, and at last the model
instances level corresponds to the M0 level.

Classes "Sensor Type" and "Event Type" are sharing the same superclass named "Element
Type", which has a name with potency-one. This means that each Clabject of "Sensor Type"
and "Event Type" will have an attribute name, that stays the same among all their instances.
"Sensor Type" has a relation with "Data" class with potency-two on both sides (on the source
and target side). This means that this relationship will be only instantiated on the instance
level (M0). This is due to the fact that a Clabject of "Sensor Type", for example the "Heat
Sensor" in the figure, does not contain exact "Data" instances. It is also noteworthy that this
relation between the "Data" and "Sensor Type" class, is a composition relation. This means
that no "Data" instance can exist without an exact Sensor instance. The "Data" class besides
its relation to the "Sensor Type" also have two attributes and both of those attributes have a
potency of two. This also means that those attributes get their values on the instance level.
The "Sensor Type" class has a producer attribute with potency-one, which means that the
Clabjects on the Model Types level will have their value set, and will be shared among all their
instances on the instance level. For our example the "Senor Type" also has an operational
attribute with potency two, which can tell the building operator whether the sensor is working
or not. This attribute instantiated on the instance level.

Figure 5.12: Proposed metamodel for modeling sensor data with related events, with clabjects
and dual deep instantiation (DDI).

The most important part of the model is the way the relation between the "Sensor Type" and
"Event Type" is handled. Previously, we mentioned that we need a two-fold relation between
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these two classes; On the one hand, we want to describe "Event Types" occurring in a "Sensor
Type" to characterize the type of the sensor by the occurring events. On the other hand we want
to know the exact events occurring in a particular sensor. To satisfy this two-fold relationship,
we created two types of relations between the "Sensor Type" and "Event Type" clabjects. The
"HasEvent" relation between the "Sensor Type" and "Event Type" with potency-one on both
sides are responsible for the characterization on the model type level. This means that there is
a relation between the "Heat Sensor" and "EventType1". From a practical point of view, this
way we can tell the expected type of events occurring in a given type of sensor. Alternatively,
these assignment constraints might also be defined with the Object Constraint Language
(OCL) [Gro].

The other relation between the "Sensor Type" and the "Event Type" clabjects is called "con-
tainsEvent" with potency-two on both the source and target size. This relation enables the
model to have a relation between an instance of the "Heat Sensor", namely the "HS_01" and
the "ET_1" instance of the "EventType1". In the metamodel, "Event Type" has potency-one
attribute called "length", and a potency-two attribute named "occurrenceIndex". The "length"
attribute is rather self explanatory, it shows the number of "Segment" instances which build
up that event type. The "OccurrenceIndex" attribute is instantiated on the instance level, and
allows us to define the exact place of the event where it occurs. The "Event Type" has also
an indirect relation to the "Data" class. "Segment" holds the information about the different
"Data" instances building up an event. The "Event Type" has a potency-two relation to this
"Segment" class meaning that the relation of the two is only instantiated on the instance level.

The "EventType" also has a potency-one relation to the segment, which helps us create Event
Type definitions on the model type level. This potency-one relation also has an intermediate
connector metatype, the "HasSegment". It was necessary to use this to somehow incorporate
the order of the segments which define an event type. In the model, segment also has some
attributes; two attributes with potency-two to help us characterize the segment type on the
model type level, and a start index attribute which tells us the start of the segment on the
instance level.

In the figure 5.12 we can see the "Heat Sensor" clabject with a "HasEvent" relation with
the "EventType1" clabject. Both of them have one instance; the "HS_01" sensor and the
"ET_1" event. For simplicity, only two data points are instantiated in the figure. Both of those
"Data" instances are assigned to the instantiated sensor "HS_01", and associated to the only
instantiated "Segment". In chapter 8, we will show, how exact instances coming form the data
mining technique we apply to produce the events. Later in chapter 8 , where the implemented
algorithm results are demonstrated, we show a more detailed example instance.
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CHAPTER 6
Basics of the used Machine Learning

Techniques

After we have outlined in chapter 4 the basic steps of the proposed method to generate models
(type definitions) for the different sensors residing in the (Plus-)Plus-Energy building, in this
following chapter the machine learning techniques we use are discussed briefly. For recap, our
method to produce type definitions from sensor data with machine learning techniques runs
as follows;

1. Time Series Segmentation: The time series data is segmented.

2. Labeling Segment: We add descriptive ordinal and nominal categories to describe the
segments.

3. Pattern Search: We apply a pattern search algorithm to find frequent patterns. These
frequent patterns are then used to describe the different sensor types of sensors.

4. Clustering based on Patterns: We the K-means clustering algorithm based on the
frequent patterns.

6.1 Cluster Analysis

As it is our main goal to be able to differentiate as correctly as possible between different type
of sensors in a sensor system, the notion of clustering and its key concepts are introduced in
this chapter. In addition to clustering we also present the state of the art of time-series data
clustering as well.

Cluster analysis or clustering for short, is the separation of data into groups (or clusters)
according to their similarities. Two main approaches exists for clustering: The first one
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aims to maximize the similarities within the cluster, and the other one tries to minimize the
similarity between groups. Similarity is often interpreted as the distance between the data
points in the multidimensional-property-space of the dataset, where each property of the
dataset is represented as a dimension of the property space and the data points are the records
positioned according to their properties. In their work Han and Kamber [JHL06] defined four
main type of methods for clustering; i) Partitioning, ii) Hierarchical, iii) Density-based and iv)
Grid-based methods.

Partitioning Methods

Given n number of data records, partitioning methods aims to create k number of partitions,
where k is smaller than n and iteratively relocate data records into the initial k groups such that
each iteration must produce a better separation than the previous one. One of the most well
known examples of partitioning techniques is the k-Means (or K-medoid) method. K-Means is
a centroid based method, meaning that the distance measurement of a cluster is set from the
center of the cluster. At first, the algorithm randomly selects k number of data records as the
initial centers int the data-space. For each remaining data record the algorithm assigns them
into the closest cluster, based on some distance measurement, for example the Eucledian or
the Manhattan distance. After each assignment of a new record into the cluster, the centroid of
the cluster must be updated. With each step of relocation the algorithm aims to minimize the
sum of the least-squeared distance between data points and the centroid of the cluster. These
type of methods are effective on small and medium sized datasets, due to their computational
requirements depending on the number of data points [JHL06].

Hierarchical Methods

Hierarchical methods produce a hierarchical decomposition of the data. We distinguish
between bottom-up (agglomerative) and top-down (divisive) methods. Bottom-up approach
starts with each data point representing a group and it iteratively merges the groups or data
points close to one another, until all the groups are merged into one. The top-down approach
starts with one cluster representing a container for every data point and with each step this
cluster is split to smaller groups. The split is aimed to either minimize the possible variance
within the group or maximize it between the groups [JHL06].

Density-based methods

In contrast to methods using a distance measurement as the base of similarity, density-based
methods use density as the key measurement for clustering. This technique helps density-
based methods to overcome the shortcomings of distance-based methods, where only spheri-
cal clusters are produced during clustering. With density-based methods arbitrary shapes can
be produced as the product of clustering. The key concept behind density-based algorithms
is that, the cluster keeps growing while the cluster´s density is not smaller than the adjacent
clusters´.
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6.1. Cluster Analysis

Figure 6.1: Example for hierarchical clustering source: [htt19b]

Figure 6.2: Possible clusters detected by a density based clustering algorithm. Source: [Med19]

Grid-based methods

Grid-based methods partition the space into finite number of cells that form a grid. All the
operations are then performed on this grid structure. The main advantage of grid-based
methods in this group is the decreased processing time, because computation required does
not depend on the number of data points, rather on the number of cells. It can be interpreted as
some sort of feature extraction which helps us to reduce the computational time for clustering.

6.1.1 Evaluation of Clustering

In addition to knowing the different clustering approaches we might apply, we have to be able
to determine the effectiveness of the clustering algorithm. To achieve this we must define the
evaluation technique for measuring the effectiveness of clustering.

1. First, we have to assess the clustering tendency, meaning that we have to determine if a
background structure exists in the data. In case a background structure exists, the result
of clustering will be meaningful. However, in case such background structure is elusive
cluster analysis might produce meaningless clusters. When analysing the clustering
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]

Figure 6.3: Visualization of the steps of KDD. source: [BA94]

tendency, we make the assumption that a hidden similarity between sensors with the
same type exists.

2. Secondly, we must determine the expected number of clusters to evaluate a clustering.
In our current application we already aware of the different types of sensors installed in
the (Plus-)Plus-Energy building, therefore the ideal number of clusters does not need to
be estimated.

3. Third, we have to determine quality measures to describe the quality of clustering. In
the following we introduce an evaluation method which will help us to evaluate the
results of clustering.

Knowledge Discovery in Database and Benchmarking

We follow the steps of Knowledge Discovery in Database (KDD) To obtain a reproducible
and well formulated results[BA94]. Knowledge discovery is the process of extracting useful
knowledge from data with the help of a list of steps the analyst should make. These steps can
be seen in figure 6.3.

The KDD starts with selecting the data we intend to work with. Next, preprocessing takes
place. In our case we need to substitute some missing data. After the preprocessing, data
is transformed to a more suitable format for downstream applications. In our method, this
transformation step is the segmentation and labeling, which transforms the data into a format
suitable for clustering. As clustering output, we will obtain a grouping of the sensor-derived
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data. This grouping can than be compared to the grouping achieved using the benchmark
algorithm, the KMeans algorithm applied on the raw time series dataset without pattern
identification.

Normalized Mutual Information Score (NMI)

The backbone of evaluating the results of the clustering will be carried out by comparing the
NMI scores of each test runs [ALF03].
This approach comes from information theory. It is based on a confusion matrix N where the
rows reflect the known clusters and the columns the calculated clusters. The values describe
the similarity between the clusters. The element nij (ith row, jth column) corresponds to
the number of matching elements of the known clusters i in the produced clustering j. The
following formula calculates the NMI for A and B., where both A and B is a set of clusters with
elements assigned to them and a and b is represents the number of elements in each.

N M I (A,B) =
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Where a and b are the respective number of groups of A and B, ni and nj are the element sum
of row i, respectively column j and n is the number of elements which has to be assigned
(clustered) to groups. NMI is a scalar between 0 and 1, where 0 would mean no and 1 would
mean a complete match or identical groupings.

6.2 Time Series Clustering

The main goal of time-series data clustering is to organize the unlabeled raw time-series
datasets into groups where the within-group-object similarity and the between-group-object
dissimilarity is maximized [War05]. Static data clustering, as it is stated in its name, applied
on static data. Unlike static data, time-series data comprise values changed with time. The
objective of time-series clustering does not differ from the objective of static data clustering.
The difference resides in the source data and required steps for preprocessing the data. In
his work, T. Warren Liao outlined the different approaches for clustering time series data.
Accordringly, three main type of time-series data clustering algorithms are identified: i) raw-
data-based, ii) feature-based, iii) and model-based [War05].

In this chapter these three main types of time-series data clustering approaches are intro-
duced briefly. Distinctions can be made whether the data are discrete-valued or real-valued,
uniformly or non-uniformly sampled, is univariate or multivariate, and whether time-series
data are of equal or unequal length. All of the introduced approaches are similar in the fashion
that all of them attempt to modify the time-series data in such a way that clustering algorithms
originally for static data-sets can be applied to them.
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6.2.1 Raw-data-based approaches

Methods int this group work with raw data. Usually the time series datasets are sampled in the
same interval but the length of each time series can differ. There are several implementations of
clustering algorithms working with raw data. For example, several raw data based approaches
are developed form the K-means or K-medoid, other types are the extension of hierarchical
clustering but the combination of two main approaches is not uncommon [War05]. The key
aspect of these algorithms is how the raw data is processed and transformed into static data.

6.2.2 Feature-based approaches

Most feature-based approaches aim to reduce the dimension of the data space. Extracting
features from the dataset helps this issue and it is also beneficial for running time. In contrast to
its benefits, features are highly dependent on the application domain. Features relevant for one
domain are possibly not relevant to the other. For example in one of the methods which aimed
to make a cluster analysis on fMRI images, the feature were given by the cross-correlation
between the fMRI activation and the stimulus. Other methods include segmentation of time
series data labeling them with statistical properties and doing a clustering on each segmented
time series which results in a discrete valued data point. After the initial segmentation and
clustering step, an other clustering can be applied on the discrete data points [War05].

6.2.3 Model-based approaches

The key concept behind model-based approaches is that, the underlying time series data is
generated by some kind of mathematical model or by a mixture of underlying probability
distributions. One often used base model of time series is the cross-correlation. Cross-
correlation can be global between time series or can be calculated in respect to time windows.
Other methods try to fit different shapes to the time series and try to cluster the time series by
the quality of fitting [Mah00].

In the following section pattern search will be introduced, as it is the key to our method for
clustering.

6.3 Pattern Search

Patterns are re-occurring sequences of signals in space, time or in any other dimension. Re-
peated words in text of strings, events in time and repeating units of polymers are all examples
of patterns occurring in our environment. It is not a surprise that finding and predicting
of these patterns is of great interest to the scientific world, especially data mining[MR13].
Pattern mining techniques encompass methods applied on spatial (e.g.: on images), relational,
network and time series data. Although all of the mentioned data types are of great interest, in
this work pattern search techniques will be only discussed form the perspective of time series
data. Most of the techniques in this field are focusing on algorithms applied on transactional
data. To understand why pattern search is vital in the domain of building infrastructure, let´s
take a building with automated HVAC system as an example. The buildings HVAC system,
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operates the buildings heating and cooling at a minimized energy consumption rate. The
operator is in the possession of the transactional data generated by the sensors installed in the
system and is interested how well the whole system runs. With pattern search techniques we
have the ability to detect and predict system failures. Although predictive anomaly detection
is one application of pattern search in complex systems, in this work we will use it as a tool to
help differentiate between different types of sensors.

In the literature of pattern mining, pattern mining also can refer to frequent item set mining,
which deals with frequent item sets in a a set of arrays regardless of the order of the items. One
example for frequent item set mining is identifying products bought together in a supermarket
(or a webshop). Each transactions holds the information about the products bought together,
and the item set mining finds the frequent combinations. The problem that arises in this
application differs somewhat from the problem we aim to solve. In the case of item set
mining, the order of the items is not relevant (although there are extended algorithms which
also deal with time constraints). In the case of time series, we only examine mined patterns
with consecutive element and consider only one array of elements which is produced by
segmentation and labeling.

Although there is a difference the basic idea for both cases discussed above, both problems
can be solved by the general Apriori algorithm., with different implementations. In order to
provide a better understanding of the solution to these problems, in the next subsection we
introduce the Apriori algorithm.

6.3.1 Apriori Algorithms

The Apriori algorithm was the first algorithm which dealt with frequent itemset mining in
relational databases. An itemset is an array of related items. Frequent itemset mining attempts
to determine items occurring together frequently. For example in a retail organisation, the
retailer wants to know which items (or products) are bought together frequently. An itemset
can be considered frequent, whenever the number of occurrence of that exact itemset is
greater than the minimum support. Minimum support is the least numbers a pattern should
occure in the itemset to be considered as frequent. Minimum support is usually determined
by domain experts. Apriori was introduced by Agrawal and Srikant in 1994. The first couple of
algorithm were the AprioriAll, AprioriSome, and DynamicSome, which are all of subtypes of
the base method. All of these algorithms consist of five major steps:

• I. Sort Phase transforms the original relational database into a table which then can be
handled by the algorithm.

• II. Large item set phase finds the set of all large itemset L which has the minimum
support.

• III. Transformation phase substitutes the found large itemsets into the original database.
If no large itemset is found in a transaction, then the algorithm drops it.
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• IV. The sequence phase mines the frequent patterns. Different techniques exist to find
the patterns, and three of these methods were introduced by Agrawal and Srikant. The
base concept of each is to start with a seed set for producing potential candidates and
in each iteration the support is evaluated and only the ones meeting the minimum
requirement of support are passed to the next step, where they will become the seed
candidates. This step will be introduced in detail in the next subsection where the
implemented algorithm in our application is introduced.

• V. Maximal phase finds the maximal sequences within the set of the produced candi-
dates.

The difference in the three algorithms lays in the method of counting the produced sequences.
AprioriAll counts all of the sequences, whereas ApriosiSome and DynamicSome only count
the maximal ones. To translate this to the context of sensors, we need an algorithm which
finds frequent patterns in the times series data. In order to do so, at first the time series data
is segmented, and labeled. This process is introduced in the next chapter, where the whole
process of the creation of different types of sensors out of the sensor data is presented, with the
used machine learning algorithms. The exact algorithm used in our application is introduced
in chapter 7
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CHAPTER 7
Clustering Sensors into Types Based on

Frequent Patterns

In the previous sections methods were introduced which process time-series data to extract
information. In this section a novel approach is proposed, which incorporates model engi-
neering like features and the described methods. The basic idea for this approach stemmed
from the article "Sensor data analysis for equipment monitoring". In this article the data
feed of an oil rig was monitored and analysed with Sensor Data Analysis for Equipment Mon-
itoring (also known as: SDAEM) [GBdM+11]. Our proposed method is similar to SDAEM,
but with different execustion. In the case of SDAEM Garcias et. al. used sensor data feeds
with a clear taxonomy. The sensors in their work were installed correctly and the type of the
sensors were not in question. Our new proposed approach aims to provide a feasible method
to identify similar sensor feeds to help domain experts to identify wrongly installed sensors.
Depending on the prior knowledge of the system identifying the sensors´ types, we can use
supervised or non-supervised methodologies to obtain the type of the sensors based on the
frequent patterns. In case of supervised techniques we have to have some sort of model of
the a sensor type. Whereas in the unsupervised case we can solely rely on the data feed of
the sensors[AAJOM+20]. Another approach can combine these two methods: identifying
similar sensors with non-supervised techniques then, classify them with the help of some
prior knowledge. Our proposed method aims to utilize a non-supervised method. This is due
to the fact that usually an installed sensor system probably has some labeling already in place,
which can be completely wrong, and we intend to prove or disprove this labeling. The method
consists of five major steps;

1. Segmentation of each time series

2. Labeling the segments

3. Pattern search in each time series
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4. Labeling time series based on the found patterns

5. Clustering

In the next subsections each step is introduced in detail.

7.1 Segmentation

Generally, time series, T, is defined as a set of real values of the observed variable that are
arranged by chronological order in successive time periods (year, quarter, month, week, day,
hour, etc.)[Lov14]. In our context the best way to define the time series data of the (Plus-
)Plus-Energy building as a sequence of consecutive values of the observed variable that we
look for. We can define time series data such as: T = {(y1, t1),(y2, t2), ..., (yn, tn)} where, (for
i = 1,2, ...,n), yi - value of observed variable, t i - time, (yi , t i )- pair of data. Segmentation is
the partitioning of time series in to segments. In our case, these segments must be consecutive
and non overlapping.Symbolically, S = (S1,S2, ...,Sk). Each segment, S j , is composed of a
certain number of pairs of data, (yi , t i ). This process of the conversion of the time series
into segmented version leads to a reduction of dimensionality of the original values, which is
important for pattern discovery [Kov95]. The literature identifies three basic types of algorithm
for segmentation;

• Top-Dow: Top-Down algorithms start with one big segment which contains all data
form the time series, then split this original segment into two, in a way that the difference
between these two new segments are maximal.The algorithm repeats this splitting for
each newly created segments until some stopping criterion is met (e.g.: minimal size of a
segment) The difference of segments can be evaluated using some statistical property of
the segments (e.g.: standard deviation, variance, average, entropy or slope of the fitted
least square).

• Bottom-Up: In contrast to the Top-Down, the Bottom-Up algorithm starts with a max-
imal set of segments with equal length and in each step of the algorithm compares
each neighbour of each segment, and merges the two which produces the least error (in
other words, the segments are merged in a way that the similarity within the segment
is maximal). This similarity (or within-the-group error) can also be evaluated by the
aforementioned statistical properties.

• Sliding Window: Sliding Window algorithm starts from the first data of the time series
(often called as the anchor) and for each step the algorithm merges the next data point to
the current segment until it meets a stopping criterion. Whenever this stopping criterion
is met, a new segment is created. The algorithm runs until there are no additional data
points waiting to be assigned into a segment. A stopping criterion can be also some sort
of statistical property of the segment.
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To choose the most sutiable time series segmentation method for this work, we have to
consider at first, whether we want to use an online or offline methods. The key difference
is that the offline method has to run on the whole time series data each time the data is
changed and the segmentation should be adjusted, whereas the online methods does not
require this extra effort form the algorithm. From the above list, the Top-Down and the Bottom-
Up methods can be considered as offline methods and the Sliding-Windows falls under the
category of online methods. In this work only a limited set of data runs will be made, hence
even the offline methods could be considered, although taking into account the possibility of
future application of the method in large-scale systems, where enormous data is present and
generated every 15 minutes, the best choice seems to be the online method, hence the Sliding
Window.

The first choice to be made is the way we handle the size of the time windows. Implied in the
characteristics of the Sliding-Window algorithm, we can see that in most cases, based on the
chosen stopping criterion, the size of the segments can vary. Although there is an exception;
If we choose the maximum number of elements in a segment as a stopping criterion. In
that case the Sliding-Windows algorithm would results in segments with same sizes, with the
possibility that the last is smaller if there is no sufficient number of elements to add. Different
applications require different approach to choose the size of the segments. Dynamic segment
sizes can be used for individual signal processing better, where the key is to find outlying
patterns (e.g.: a heart beat in an electro cardiogram´s data feed). One example for using
equal-sized segments for pattern recognition is the (SAX) algorithm [JL00]. SAX is acronym
for Symbolic Aggregate approximation. We introduce it in depth in the next section when we
discuss the labeling of the segments.

The next question yet to be answered in the case of fixed time windows, is the size of the
segments. In an article where time series segmentation aimed to help recognize patterns in
human activities, the authors found that the smaller the window size, the more accurate their
method is [BGD+14]. Their most effective time window was two secounds long. To observe the
window size´s effects on the results in the test runs, different window sizes will be tested. The
last question before segmentation is to choose a method for fixed time window segmentation.
As we have chosen fixed window sizes, the stop criterion is the number of elements in the
segment, hence the segmentation runs as follows;
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Figure 7.1: Example segmentation of a time series data with fixed time windows. Segments are
bordered with the dotted lines.

Algorithm 7.1: Segmentation Algorithm with Fixed Window Size (Python)

def segment_list_fixed ( items , window_size ) :
windows = [ ]
temp_window = [ ]
for record in items :

i f ( len (temp_window) < ( window_size ) ) :
temp_window . append( record )

else :
windows . append(temp_window)
temp_window = [ ]
temp_window . append( record )

windows . append(temp_window)
return windows

At first the algorithm takes the first item of the array"items", and puts it into a temporary con-
tainer variable, namely into the "temp_window" variable. For each item, the algorithm adds a
new item into the "temp_window" until it´s size is not greater than the defined "window_size".
The algorithm runs until every element is assigned to a window.

46



7.2. Labeling segments

7.2 Labeling segments

For labeling, we use the SAX method. For each segment, SAX considers the mean value (or
other metrics like variance, or entropy) of the segment and aggregate the calculated means
just to fit a normal distribution function on the aggregated mean values to get the Piecewise
Aggregate Approximation (PAA) representation. Then SAX divides the values-space (the values
observed and reside on the y axis) into different categories according the distribution of of
the mean value of the segments, and then assigns a letter for each segment according to their
mean value in the divided y-space as it can be seen in figure 7.2[JL00]. We choose SAX because
it is a well established algorithm used in biometric pattern recognition [CMY05], and robotics
as well [ZH18]. In our method we also use a similar method to the SAX, but we will consider
both the averages of the segments and the slope, and choose the better suited one. In figure
7.2 we can see an example for SAX. To determine the suitable numbers of classes for (alphabet)
for the time series we can use an elbow method of WSS. WSS is an acronym for (within cluster
sum of squares) and the idea is to find the number of clusters (alphabet) that stops sharp
dropping of the WSS [LHPV16]. In figure 7.3 we can see an example of WSS values plotted
against the number of clusters.

Figure 7.2: WSS difference versus number of clusters in training data. It seems that in this case
8 is a sufficient number of clusters (k). source: [JL00]

With the labels provided by the SAX method, we will be able to use an Apriori based algorithm
to identify frequent patterns. Using the SAX method the expected data structure for the
segment would seem as the example in Table 7.1

ID Labels

Segment 1 A
Segment 2 A
Segment 3 B
Segment 4 A
Segment 5 B

Table 7.1: Example results of labeling the segments
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Figure 7.3: A time series is discretized by first obtaining a PAA approximation and then using
predetermined breakpoints to map the PAA coefficients into SAX symbols. In the example
above. source: [LHPV16]

7.3 Pattern Search

The SDAEM method requires to find event sequences which end with an event which is a
point of interest. In this work we use the recurring patterns to identify different types of sensor
in the system. To find these patterns in each series, we have choosen a naive pattern search
algorithm [MR13]. The algorithm runs as follows: Each data point (segment) is a candidate
pattern. On each iteration we add the adjacent element on the right hand side relative to the
candidate and for each newly created candidate we count the frequency of the patterns in
the time series data. If the candidate´s frequency does not reach the threshold (or minimum
support), we drop it. The algorithm produces overlapping and non maximal patterns.

Finding Patterns

One of the main goal of this work is to be able to differentiate between different type of sensors.
To do so, we apply general pattern search to identify events which could charaterize a specific
type of sensor. The identified patterns in a future work might be used to predict upcoming
events within the system. At first only the characterizing features of found patterns in a dataset
are used. We apply the generalized pattern search algorithm for our feature-extracted data.

The pattern search returns each pattern found as follows;

Table 7.2 shows the example result of the pattern search for one time series data. In our data
model these patterns are the so called events. We get the consecutive segments, the length
and the occurrences of these events. The occurrence numbers are the indicies of the starting
segment of a pattern in the list of segments. After we are done with the segmentation and
pattern finding for each time series data feed we have to transform the results into a from
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]

Figure 7.4: Example labeling of segments, based on the slope of fitted linear regression.

Pattern segments length occurrence

Pattern 1 [A], [A], [A], [B] 4 [0, 20, 23]
Pattern 2 [B], [B], [C], [C], [C] 5 [5, 10, 45]
Pattern 3 [B], [B], [B] 3 [2, 12, 33]

Table 7.2: Example results of the pattern search

which conforms to the expected data format of conventional clustering algorithms. This step
is called Labeling time series which is the 4th step of our method.

7.4 Labeling of Time Series

Given the frequent patterns for each time series we have to decide how this information is
incorporated to our data. First, we interpret the time series data´s source as an object. This
object has the assigned time-series, found patterns and any other optional parameter. The
first idea in this work was to see whether the same pattern occurs in the compared time series
data. In this case we can take a pattern´s number of occurrence as a parameter of an object.
In this case the data representing the time series data feeds looks as follows:
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Time series ID Pattern 1 Pattern 2 ... Pattern n

time series 1 3 2 ... x
time series 2 2 2 ... x
time series 3 2 2 ... x
time series 4 2 2 ... x
time series 5 1 3 ... x

Table 7.3: Example results of the pattern search

7.5 Clustering Based on Patterns

We chose K-means clustering to cluster our data presented above in table 7.3. K-means aims
to cluster the data points of a dataset by minimizing the variance within the groups. It´s
prerequisite is to define a k number which is the count of the clusters we are looking for
[FMTR06]. In this work K-means were chosen because in a sensor system the number of
types of sensors are usually known. K-means starts with defining some starting center point
for the clusters, then on each iteration each point of the dataset is assigned to the closest
cluster. Closest is defined by some distance measure, such as the Eucledian distance. On
each iteration also the centroid of a cluster is re-calculated, for example we can calculate the
weighted average centroid of a cluster.
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CHAPTER 8
Testing the Data

As it was introduced in section 3.1, the sensor system of the (Plus-)Plus-Energy building
consists of more than 900 sensors.

In this section first we will evaluate the applicability for the SAX method with three different
measurements of segments; i) the average, ii) slope and their iii) standard deviation.

After that, the frequent pattern based clustering will be introduced and we will discuss the
methods efficiency in various setups. This presumably will help us to answer research question
RQ2 and RQ3. The process described in the following was implemented in a Jupyter Notebook
with Pyhton. The efficacy is measured with NMI, as we are aware of the type of each sensor in
the system, allowing us to measure the effectiveness of clustering against ground-truth. The
following sections are structured as follows;

• Each section starts with the description of test dataset (all of them will come form the
(Plus-)Plus-Energy building)

• Then based on the NMI index, we will show the different frequent patterns identified
and we evaluate the performance.

• As each of the sensors in the system has an ID, these ID´s will be the references to them
in the description of the test runs.

• The test runs were executed on 8000 records. From the 520000th to the 528000th one.
The window size by default is 100, but later we make test runs with changed sizes in
expectation increased efficacy.

One can see that there are more records in the database of records form the beginning of
monitoring of the (Plus-)Plus-Energy building in 2012.The range that we have worked with was
chosen due to computation capacity constraints, and the complexity of the method. Before
the test runs, we have to decide on the followings;
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• Missing Values: As it is common in data analysis related works, we also had to deal
with missing data in the dataset. We substitute missing data with the mean value of the
present data of the sensor.

• Choosing the right measurement for labeling: As it was described in section 7.2, where
the SAX method was introduced to label segments, we had to decide upon the metric
we want to use. The within-segment slope values were the most closest to a standard
deviation during test runs therefore these were the chosen metric for labeling with SAX.

Figure 8.1: Distribution of slope values of a room temperature meter, with 0.33 and 0.66
percentile lines (orange and green respectively).

• Number of Bins for SAX method: To decide upon the number of bins we use for the
SAX method, we used the previously described WSS. The number of bins were given by
the drop in the sum of squared distances plotted against the number of bins slows down,
see in figure 8.3. Based on this, we chose to use three bins (one for decreasing, one for
close to stagnant and one for increasing segments).
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Figure 8.2: Example for WSS elbow method with a room temperature sensor. The drop in
the sum of squared distances slows down around between k=2.5 and k=5.0 (representing the
number of bins).

Figure 8.3: Example segmentation and labeling of a room temperature meter with three bins
(A, B, C).
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8.1 Test Runs

In the following, the results of different test runs are presented.

Test 1.

The aim of the first test run was to demonstrate the feasibility of our method. Five room
temperature sensors were chosen; [’697’,’695’, ’692’, ’689’,’686’] and four other ventilation
utilization sensors; [’987’,’988’, ’989’, ’990’ ]. Our method should be able to cluster each of them
in the correct group. This means that each sensor with ID starting with 6 has to be categorized
in the same cluster, hence the NMI index is 1. The benchmarking algorithm produced perfect
clustering, an NMI score of 1.

Figure 8.4: The data feed of the sensors of Test Case 1. Sensors with IDs starting with 6 are
room temperature sensors, the ones with IDs starting with 9 are the ventilation utilization
sensors.

Test 2.

In the secound run, we took some sensors measuring room temperature and some sensors
installed at the weather station, measuring the outside temperature. Namely we run the
method on: [’697’,’695’, ’692’, ’689’,’686’, ’677’,’710’, ’803’, ’804’,’807’] sensors.
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Figure 8.5: The data feed of the sensors of Test Case 1. Sensors with IDs starting with 6 are
room temperature sensors, and sensors with ID; [’677’,’710’, ’803’, ’804’,’807’] are temperature
meters in the weather station.

With window size 100, the method produced a 0.61 NMI score, which is far from perfect.
Whereas an other test run with window size of 75 produced an NMI score of 1. The benchmark-
ing algorithm also produced perfect clustering, an NMI score of 1. The effect of the window
size was interesting to note.

Test 3.

The third setup dealt with three different types of sensors. Room temperature meters, uti-
lization sensors of ventilation fans and lux meters in the weather station. Namely sensors:
[’697’,’695’, ’692’, ’689’,’686’, ’987’, ’988’, ’989’, ’990’, ’823’, ’824’, ’825’, ’826’] where the sensors
with IDs starting with 6 are the room temperature meters, the ones starting with nine are the
utilization meters measuring the percent of each ventilation fan utilization and the lux meters
are the ones starting with number 8.
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Figure 8.6: Chart showing the data feed of temperature meters [’697’,’695’, ’692’, ’689’,’686’],
utilization meters of the ventilation [’987’,’988’, ’989’, ’990’ ], and lux meters on the weather
station [’823’, ’824’, ’825’, ’826’].

The results for clustering the sensors based on event occurrences produced an NMI score
of 0.824. The lux sensors were correctly assigned to their correct clusters, although the heat
and ventilation utilization sensors were mixed. The benchmarking algorithm produced a
clustering with NMI score of 0.265.

Test 4.

In this test we aimed to differentiate between four different type of sensors, namely; room tem-
perature sensors: [’697’,’695’, ’692’, ’689’,’686’], weather station temperature sensors: [’677’,’710’,
’803’, ’804’,’807’], lux sensors: [’823’, ’824’, ’825’, ’826’] and utilization sensors of the ventilation
system: [’987’,’988’, ’989’, ’990’ ]. In this case the method resulted in a 0.798 NMI score. The
benchmarking algorithm resulted with 0.494 NMI score.
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Figure 8.7: Chart showing the data feed of room temperature sensors [’697’,’695’, ’692’,
’689’,’686’] and weather station temperature sensors: [’677’,’710’, ’803’, ’804’,’807’] lux sen-
sors: [’823’, ’824’, ’825’, ’826’] and utilization sensors of the ventilation system: [’987’,’988’, ’989’,
’990’ ].

It is interesting to see that one room temperature meter was assigned in the same group as
the weather station lux meters. Besides that, one weather station temperature meter was also
assigned the same group where the other room temperature meters were assigned to.

Test 4.1

In this case where we can not identify the sensor types without error, using all the sensors gives
us the opportunity to test the effect of the window sizes on the results. We run the method
with window sizes of; 50, 75, 100, 150 and 200. In Table 8.8 we can see the NMI scores for each
window size.
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Window Size NMI
50 0.806
75 1.0

100 0.798
150 0.513
200 0.797

Figure 8.8: Correlation matrix of the window size´s effect on the NMI score in test case four on
the left side, and the corresponding data table on the right

It seems that the window size has an effect on the NMI score of the algorithm. To assess how
exactly effects the performance we need to perform some more tests with other cases. In this
case, we see a negative (-0.415) correlation between the NMI score and the size of the window.
This means that the size of the windows affects the NMI score in a negative way, therefore the
smaller the window, the better our method is.

Test 5

For the fifth test case only four sensors were chosen. Two sensors measuring the supply air
volume flow of the HVAC system and the other two measuring the same but for the exhaust air
volume.
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Figure 8.9: The values of the air volume flow sensors in the HVAC system. [’997’, ’1000’] are the
supply air sensors and [’1002’, ’1003’] are the sensors measuring the exhaust air volume.

The result of clustering shows a 1.0 NMI score. The benchmarking algorithm also resulted in
an NMI score of 1.0.

Test 6.

Test setup 6 compares the HVAC systems exhaust and supply air sensors with the lux sensors
on the weather station and the sensors measuring utilization of the ventilation. The sensors
are labeled as follows; Supply air sensors: [’997’,’1000’], exhaust air sensors: [’1002’,’1003’],
ventilation utilization sensors: [’987’,’988’, ’989’, ’990’ ] and lux sensors are: [’823’, ’824’, ’825’,
’826’]. The NMI score of this is 0.6524. The benchmark method resulted an NMI score of 0.55.
It seems that all the air flow sensors (supply and exhaust) are clustered in the same group and
the utilization sensors clustered correctly. Intriguingly the method failed to cluster properly
the lux sensors in the same group. We also ran the method with different window sizes to see
its effect on the results;
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Window Size NMI
50 0.65
75 0.66

100 0.65
150 0.55
200 0.55

Figure 8.10: Correlation matrix of the window size´s effect on the NMI score in test case six
shown in the figure on the left side, and the corresponding data on the right.

It seems from table 8.1 that the bigger the window size, the worse the method is. In this case
we got an even stronger correlation of -0.9 between the window size and the NMI score.
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8.2 Evaluation

In this section we briefly evaluate at first the model we proposed with the help of some
examples created by the sensor data analysis method, after that we discuss the effectiveness of
the clustering based on frequent patterns as well as the effect of the change of time window
size. This finding aligns the finding of [BGD+14], regarding the impact of size of the windows.

8.2.1 Benchmark

Test Case NMI(Our method) NMI(Benchmark) Number of Clusters

Test 1 1 1 2
Test 2 0.61 1 2
Test 3 0.824 0.265 3
Test 4 0.798 0.494 4

Test 4.1 1.0 (with window size = 75) 0.494 4
Test 5 1 1 2
Test 6 0.652 0.55 4

Table 8.1: Different test runs and the corresponding NMI scores compared to the Benchmark
algorithm

From the results above we can state that the frequent patterns could be useful for clustering,
including for differentiating between different sensor types. However we have to note, that
the current implementation´s correctness worsens for each added type. But the close to
excellent NMI score on one-on-one tests with two different types suggest that with further
modifications the process can be more effective. In chapter Future Work these ideas will
be further elaborated on. We have also found that the size of the time windows during the
segmentation phase, negatively impacts the results of the method.

8.2.2 Produced Models

The Event types are defined by the different segments contained in them. In Figure 5.12 we can
see the proposed metamodel, which can be extended by type definitions on the model types
level. During the test runs, we stored the recognized patterns in a python DataFrame object.
Previously we describes the labeling method, where the time series data was segmented and
based on the slope of the segment we assigned a label to it utilising the SAX method. We used
three bins (A,B,C). In the following, some examples for the event types, segments and sensor
types are shown;

Events Found

Table 8.2 shows an example of for events in a test run. The nomenclature of the events refer to
the consecutive segments and the assigned labels. For example the first event called "ABC"
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consists of three segments which have the following labeling: [A, B, C]. The length means the
number of segments in the event. Occurrence indices are a set of numbers which refer to the
starting index of each different occurrence. From the metamodels perspective, each record is
an instance of "Event Type" , and their characteristics are included in the name of the "Event
Type".

segments number of occurrence length event name occurrence

[B, C, A] 12 3 BCA
[0, 17, 20, 23, 37, 43, 46,

57, 66, 69, 74, 77]

[C, A, B] 10 3 CAB
[18, 21, 41, 44, 47, 52,

64, 67, 70, 75]

[A, B, C] 9 3 ABC
[19, 22, 42, 45, 53, 65, 68,

73, 76]

[B, C, A, B] 7 4 BCAB
[95, 98, 121, 124, 144,

147, 152]

[C, A, B, C] 8 4 CABC
[96, 99, 119, 122, 130,

142, 145, 153]

[A, B, C, A] 8 4 ABCA
[97, 100, 120, 123, 143,

146, 151, 154]

[C, A, B, C, A] 7 5 CABCA
[173, 176, 196, 199,

219, 222, 230]

Table 8.2: Example of detected events. The name of the event refers to the consecutive
segments and their assigned labels. The name of the event is simply derived from the labels of
each constituent segment. Occurrence shows the indices of the starting element of the starting
segment in the time series data.

The first row of the Table 8.2 is the "BCA" event type. The name implies that this "Event Type"
consists of a B, a C and an A labeled segment. This "Event Type" has several occurrences. Each
occurrence is an instance of this event type, with an exact location where it occurs which is
represented by the index where that exact occurrence happens.

In Figure 8.11 we can see an example of a sensor type definition. This model is on the model
types level, meaning that this is not an instance of a sensor, but a sensor type definition. Heat
sensors should be instances of this model regarding the Double Deep Instantiation (DDI).
The example sensor type has two event types assigned. Each "Event Type" has one or more
"Segment Type" assigned in the correct order. This example "Event Type" can have several
instances as it can be seen in Table 8.2.
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Figure 8.11: Example of a Sensor type with corresponding event, and segment type definitions.
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CHAPTER 9
Future Work

In this chapter the possible improvements of the method are discussed. First, the applicability
of the method in real-life use cases is discussed.

Application of The Method

As our main example in this work was a sensor system of a (Plus-)Plus-Energy building, the
most logical real life application on sensor systems is in buildings. The implementation could
take place in an already existing BIM software. Such as SIMULTAN. Utilizing the powerful
meta model of SIMULTAN, which is mentioned in chapter 5.2, we could use this method to
classify the different sensors of the building modelled in SIMULTAN and also store the data
feed as well as the identified frequent patterns for the sensors. With the frequent patterns
the method could be further extended with prediction, similar to the way the Sensor Data
Analysis for Monitoring Equipment were used to predict system failures in the work of Garcia
et. al. [GBdM+11] Other interesting question regarding the applicability of the method, or
an adjusted method, is the domain. Most of the tools and artifacts produced by information
technology experts can be domain independent. This raises the question weather this method
could be used for sensor systems built in cars or other vehicles to identify different types and
based on frequent patterns, predict unwanted future events.

Other areas where pattern recognition is a well researched technique are human activity
detection, financial markets and space exploration.

Increasing Correctness

One main key decisive factor of applicability of the method is its precision, hence in this
section the additional ideas of adjusting the method are introduced.
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One could question whether the occurrence of an event could serve as a better differentiating
factor for clustering. In order to incorporate this information we can record the occurrence
index of a frequent pattern in each time series data. From a data modeling perspective, the
occurrences of the same event could be modelled via the the "EventType" shown in Table
9.2. This case the "Event" would be an instance of the "EventType". From the clustering
algorithms´s perspective we can represent the occurrence of a frequent pattern in a time
series by introducing a boolean variable for each occurrence of a pattern which tells whether
the event occurs in time series at the exact time (at the same index). In this case our data table
which is to be be consumed by the clustering algorithm of choice looks as follows:

Time series ID Pattern 0 at 0 Pattern 1 at 5 ... Pattern n at q

time series 1 true false ... x
time series 2 true false ... x
time series 3 true false ... x
time series 4 false false ... x
time series 5 false false ... x

Table 9.1: Table showing a way to represent occurrence of a frequent pattern in time series
data

Although this representation tells us exactly where a pattern appears in a time series, it does
not handle small time shifts between time series data. The time shifts can be included in our
data if a stochastic approach is introduced representing the occurrence. The idea is to predict
the possibility of a frequent event happening in a time-range. To calculate this, at first we have
to find all the occurrence of a pattern in all time series data, and define a time-range which
will give the basis of our calculation. Lets say we calculate this observed range as follows:

t i meRang eSt ar t =
�n

i=1 pi j [i ]

n
(9.1)

t i meRang esEnd =
�n

j=1 pi j [ j ]

n
(9.2)

Where n is the number of overall patterns in all observed time series and pi j is an event where
i is the start and j is the end index.

To avoid getting too big ranges which might would be too general to differentiate between
time series, we introduced a maximum gap between different event occurrences. This leads to
more than one expected range for an event. We calculate the expected range of the event by
collecting the occurrence of a unique event in the dataset (for each sensor) and check the start
indices. With this information we can check the approximated distribution of occurrences.
Each event should have more than two occurrences (without it we could not refer to it as
"frequent event"), hence form the collected occurrences we calculate the ranges in respect
to time where the event should occur. After calculating the expected ranges of a pattern we
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can calculate the possibility for each time series to contain a pattern in the expected range. In
order to do so we count the detected pattern´s segments which are included in the time range
and divide it by the length of the pattern. This could capture the time shift´s characteristics.
To determine the expected time-range for each "Event Type" , we approximate the expected
occurrence with the help of Gaussian mixture models.

Gaussian mixture models

With the Gaussian mixture models we aim to estimate the probability distribution (normal
distribution) of different event-windows. Event-windows in this context are the ranges of
indices in the time series data where the event/pattern has a high probability to occur. Each of
this event-window could be defined as a normal distribution function.

Figure 9.1: Example of the occurrence distribution of a unique event in the whole dataset,
some sort of repetitive behaviour can be assumed
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Figure 9.2: Example of different Gaussian distribution which could show the probability of an
event happening in a SensorType at a particular time. source: [htt19c]

Time series ID Pattern 1 at [0 - 14] Pattern 1 at [33 - 38]

time series 1 0.8 0.1
time series 2 0.8 0.3
time series 3 0.8 0.0
time series 4 0.0 0.5
time series 5 0.0 0.0

Table 9.2: Final representation of pattern occurrence

After we are done with transforming the data in a form which is suitable for clustering we have
to chose the correct clustering algorithm.

Extending Pattern Search

The method could be further extended by improving on the pattern search. Currently patterns
are only looked up in each sensor and only consecutive segments are considered. This could be
changed to look for patterns between sensors or taking into consideration time gaps between
segments as well. This way cross-sectional pattern could also be found in complex sensor
systems, but with heavy computational time expenditure.
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CHAPTER 10
Summary

In this work we aimed to answer the following three research questions:

• RQ1: What features should a model for time series data contain, in order to hold the
information of the different type of sensors and the frequent pattern events within a
sensor system?

• RQ2: Can we generate models automatically from the sensor data with the help of
frequent patterns?

• RQ3: How effectively can we apply frequent pattern mining in order to differentiate
between the different sensor types?

Research Question 1 (RQ1)

In chapter 5.2 we proposed a model with Double Deep Instantiation (DDI) for the sensor sys-
tem, and a hand-made instantiation was also created to check the feasibility of the developed
model. In chapter 8 an example of produced events were shown. In table 8.2 we show the
detected events in a table format, it can be easily transformed with the help of the occurence
indices and the known length of segments into the data points which build the segments,
hence the event.

As part of our future work we intend to create the instances in an already existing BIM software
to provide the practical basis of event prediction. To answer RQ1 we confirm that the proposed
model is suitable to store the events for the sensors which can later be used for prediction.

Research Question 2 (RQ2)

In chapter 5.2 we argued that it is possible to generate a model on the M1 level if we use
double deep instantiation and apply frequent pattern mining on a segmented time series
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data. Double Deep Instantiation (DDI) allows us to instantiate associations on any model
level, which means that we are able to generate type definitions on that level. Although we
did not aim to generate the complete model out for the data, but only the type definitions,
we consider RQ2 that it was answered properly. It is indeed possible to generate models out
of sensor data if we consider model generation as a method which creates model definitions
applying the rules of double deep instantiation (DDI). It is of note that the current method
considers a many-to-one relation between event types and sensor types. This means that we
assume that an "Event Type" must exist for an exact "Sensor Type". In chapter 8 where we
tested the method, we have realized that although the method is suitable for clustering, this
many-to-one relation probably would need some probabilistic attribute. This means that the
test runs showed that even if two sensors share the same type this does not necessarily mean
that each sensors contains the exact same "Event Types". This revelation requires for a better
suited metamodel for this case.

Figure 10.1: Example extension of the model with probabilistic relation between the EventType
and SensorType on the model type slevel of the model.

Research Question 3 (RQ3)

RQ3 was answered in chapter 8. We demonstrated that one-to-one comparison of two different
types of sensors produced results with an almost perfect NMI scores using the proposed
method. However introducing more types decreases the accuracy of the clustering.As was
demonstrated in test 4, two different type of sensors were assigned to the same group, which
worsened the NMI score. The particular case with the sensors of the weather stations and the
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ventilation system raises further question regarding their behaviour.It is also of note in most
cases the proposed method performed better than the benchmarking algorithm of simple
KMeans applied on the raw data. Other aspects of RQ3 were its subquestions;

• RQ3.1: Can the proposed method differentiate between heat meters located inside and
outside the building?

Answer: Test case 2 8.1 showed that the method is capable of differentiating between
them.

• RQ3.2: Can the proposed method recognize the difference between the sensor measur-
ing utilization of a supply or an exhaust fan in the ventilation system?

Answer: Test case 3 8.1 showed that the method is capable of differentiating between
them.

• RQ3.3: Which parameters can affect the efficacy of the proposed method?

Answer: The window size of the segment affects the efficacy. The bigger the window size
is the worse the results are. However we must mention that some other parameters can
have an effect on the efficacy which were not tested (e.g.: number of categories in the
SAX method, tested time frame, other measurements used in the SAX method).

• RQ3.4: Does the number of different type of sensors in the test data have any effect on
the efficacy?

Answer: From the tests it seems that the number of different types worsened the results
of the method.

In addition to answering the research questions, the thesis also outlines some improvement
and application directions of the method in chapter 9.

10.1 Validity

To ensure validity in this section the different threats to validity are listed, and addressed if
possible. Construct validity has to be concerned in two cases; First, we must validate the
produced model for the sensors. Secound, the validity of the data mining method has to be
addressed.

We consider the metamodel valid one, as we were able to demonstrate its applicability in
the defined case, despite some caveats described in the summary section. We also have to
mention that the metamodel might have to be further extended in a future implementation as
the model was developed in a platform independent way.
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The validity of the method where we differentiate based on the frequent patterns is measured
against a benchmark method. We showed that our method exceeds the efficacy of the bench-
mark method in the presented cases. However, we must mention that a similar or even better
method for the same case might exists. We must note that during the development of the
method, several smaller decisions had to be made in in the different steps. In the data cleaning
step, we substituted the missing values with the mean values. This substitution can also cause
interference with the produced results. In addition to this, we implemented the SAX method
considering the slope values of the fitted linear regression lines, but have not made further
examination with different measurements (e.g.: entropy, mean, standard deviation etc.).

Other threat to validity in this work is the low number of test runs.

Besides the threats, the repeatability or test–retest reliability is achieved by attaching the
implemented code for the segmentation, labeling, pattern search and clustering. The code is
accessible via the Jupyter Notebook file attached, and an excerpt of the sensor data from the
(Plus-)Plus-Energy building of the Vienna University of Technology used in the test runs are
also attached.
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